ABSTRACT: Heart rate variability (HRV) is reported increasingly in pediatric research, but different strategies used to identify and manage potential outlier beats impact HRV parameter values in adults and animals. Do they in pediatrics? To compare the impact of different strategies to identifying and managing outliers, we used interbeat interval (IBI) data from three different populations: 10 stable premature infants, 33 stable pediatric oncology patients, and 15 healthy adults. Five commonly reported HRV parameters were compared using three identification and two management strategies to filter potential outliers. The three populations had different resting heart rates: 155 Ϯ 9 beats per minute (bpm) in infants, 105 Ϯ 17 bpm in children, and 87 Ϯ 12 bpm in adults. All three identification strategies flagged fewer than 2% of IBIs; the threshold identification strategy, excluding IBIs denoting heart rates Ͻ30 or Ͼ300 bpm, identified significantly fewer outliers than the other two strategies and generated higher HRV parameters in all populations (p Ͻ 0.001). There were no significant differences in HRV parameters calculated by managing identified outliers by "tossing" them versus "interpolating" values. Different strategies for identifying potential outliers are associated with significant differences in HRV parameters. Pediatric researchers who report HRV should detail their outlier filtering strategies. (Pediatr Res 62: 337-342, 2007) H eart rate variability (HRV) measurements are increasingly used by researchers to describe physiology, provide prognostic information, and measure response to therapies (1). HRV is the beat-to-beat variation of the interbeat interval (IBI) of the ECG (ECG). This variability is modulated primarily by the sympathetic and parasympathetic autonomic nervous system (2-4). Methods for calculating time and frequency-domain parameters of HRV were recommended by the Task Force of the European Society of Cardiology (5) and these methods have been widely adopted (6).
H eart rate variability (HRV) measurements are increasingly used by researchers to describe physiology, provide prognostic information, and measure response to therapies (1) . HRV is the beat-to-beat variation of the interbeat interval (IBI) of the ECG (ECG). This variability is modulated primarily by the sympathetic and parasympathetic autonomic nervous system (2-4). Methods for calculating time and frequency-domain parameters of HRV were recommended by the Task Force of the European Society of Cardiology (5) and these methods have been widely adopted (6) .
The SD of the IBI (SDNN) is the most widely used measure of HRV, followed by the root mean square of the difference of successive IBIs (RMSSD). Other commonly used parameters include pNN50 (the percentage of IBIs that differ by more than 50 ms from the previous IBI), and parameters from power spectral analyses based on fast Fourier transformations, particularly low frequency (LF) and high frequency (HF) power. HF oscillations (0.15-0.4 Hz) are thought to be markers of parasympathetic and particularly vagal autonomic tone. LF oscillations (0.04 -0.15 Hz) reflect sympathetic and to a lesser extent, parasympathetic tone (7) .
Increases in HRV parameters, up to a point, reflect adaptability, resilience and well being, while decreases in HRV reflect rigidity, poor health status and a poor prognosis in both adults and children with a wide variety of clinical conditions (8 -23) . In children HRV generally increases between the birth and fourteen years of age as the autonomic nervous system matures (24, 25) . In adults HRV generally decreases with normal aging (6, 26, 27) . Therapeutic interventions such as exercise (28 -30) , meditation (31) (32) (33) and music (34) can increase HRV parameters. Given its correlation with clinical characteristics as well as its use as a prognostic tool and to measure response to therapies, studies reporting HRV have grown enormously since 1996.
As the use of HRV has grown, different researchers and software developers have used and recommended different strategies to identify and manage potential outliers observed in raw IBI data. Cardiologists and physiologists commonly recommend performing visual inspection of the ECG wave form, but some data collection devices used clinically report only IBI, making such inspection impossible. Also, visual inspection is costly in terms of time, particularly to review long recordings (more than several minutes in multiple patients). Some commercial software calculates HRV without telling users what method is used to deal with potential outliers; many publications fail to specify the outlier identification and management strategies used to filter the data before calculating HRV parameters.
Causes of outliers may vary in different populations. For example, in adults with heart disease, outliers may be due to premature ventricular contractions or other arrhythmias whereas in toddlers and preschool children in our experience movement artifacts predominate. Two methodological issues arise in dealing with IBIs that may be outliers: a) identification of those intervals and b) how to manage outliers once they have been identified. Strategies for identification of outliers have been published though they have not been used or reported consistently. These include intervals outside of a: a) fixed range of acceptable interval values (35, 36) ; e.g., IBIs reflecting heart rates Ͻ30 or Ͼ300 bpm; threshold rates vary depending on the clinical population of interest (which we refer to as "threshold" identification strategy); b) selected percentage change from the mean of a set of previously accepted intervals (3, 13) ; e.g., if an IBI differs by more than 30% than the mean of the previous four intervals (which we refer to as "percent change" identification strategy); c) change greater than a selected multiple of the SD of a set of previously accepted intervals (37, 38) ; e.g., more than five standard deviations from the mean of the previous 100 accepted intervals (which we refer to as "SD" identification strategy).
Once outliers are identified, there are also different strategies for managing them. The simplest approach is to "toss" that piece of data by removing it from the set (13, 38) . On the other hand, some researchers replace the outlier with an interpolated value based on nearby accepted values (37,39 -42) .
Previous research in pigs (43) and adults (3, 44) suggests that different outlier identification and management strategies might have important consequences when calculating HRV parameters. We conducted this study to compare the impact of different outlier management strategies on common HRV measures in three different human populations with different ages and resting heart rates: stable premature newborn infants, pediatric oncology patients, and healthy adults. We were particularly interested in whether the previous findings in animals and adults could be replicated in pediatric populations.
METHODS
Before conducting the main study, we wished to assess the correlation between IBI data collected by Minimitter with the gold standard of ECG data collected by Holter monitor. Therefore, we compared 15 min of simultaneous data recording using both devices. For this within study comparison, we included three healthy subjects ranging in age from 17 to 51 y old who sat quietly during data collection. Pearson correlation coefficients were calculated for the IBI data from both systems for the raw (unfiltered data); data were filtered using the "percent change" strategy (using a difference of 30% from the mean of the previous four intervals), interpolating suspected outliers; HRV parameters were then calculated separately at the Institute of HeartMath and at Wake Forest University School of Medicine.
For the main study, in the stable premature newborn infants, data were obtained from baseline measures collected for a study evaluating the impact of music on HRV. Infants were excluded if they had congenital heart disease, intracranial hemorrhage or were receiving antibiotics, pulmonary or cardiac medications. Subjects wore a MiniMitter 2000™ monitoring unit (MiniMitter Inc., Bend, OR), consisting of two ECG electrodes placed on the anterior chest wall, attached to a wireless transmitter unit. The Minimitter collects IBI data, sampling at 500 Hz, and does not provide detailed ECG wave forms. All measurements were taken in the morning for at least 45 min starting at least 30 min after a baby had completed a feeding and 30 min before the next scheduled feeding.
For the pediatric oncology patients, patients were eligible if they were clinically stable and in the consolidation or maintenance phase of therapy for acute lymphocytic leukemia. The MiniMitter was also used, with data collected over 40 min during routine outpatient visits at the baseline visit for another study evaluating the impact of music on HRV. Data for both infants and children were collected by research assistants that were blind to the study hypotheses.
Data for healthy normal adults in normal sinus rhythm (sampled at a rate of 128 Hz on a Holter monitor) were obtained from the Physionet archives (45) .
Data collection for premature infants, pediatric oncology patients and healthy older adults in the main study included at least 15 consecutive minutes of HRV monitoring. We picked the central 50% of the collected range to reduce artifacts from motion during monitor placement and removal.
Analysis software to implement and facilitate comparison of the various filtering strategies was developed using Matlab (The Mathworks, Natick, MA) based on standard calculations for SDNN, RMSSD, pNN50, LF, and LF. Three strategies for identification of IBI outliers were compared: 1. Threshold: if an IBI fell outside a range of 200-2000 ms, corresponding to 30-300 bpm, which has been used in a previous study of low birthweight infants (36). 2. Percent change (PctChg): if an IBIs relative difference from the mean of the most recent four previously accepted intervals was greater than 30%, which has been used in a previous study of pediatric oncology patients (13). 3. Standard deviation change (SDChg): if an IBI was greater than five standard deviations from the mean of the previously accepted 100 intervals, which was used in a previous study of premature infants (38) .
Once outliers were identified by one of the three above criteria, two strategies for managing them were compared:
1. Removal from the data set (38) , herein denoted as the "Toss" Method. 2. Replacement using cubic spline interpolation (39), herein denoted the "Interp" method, which replaces an outlier with a weighted average of nearby accepted IBI values.
Initialization of the PctChg identification strategy was determined by examining the first four values in a data set and comparing to a threshold range of one-half to twice the trimmed mean (mean of values excluding the upper and lower 20% of the values) of the data set, with a value outside this range being replaced with the trimmed mean. The SDChg identification strategy used a similar initialization method in which 100 values are initialized.
Power spectrum calculations were performed using Welch's method with a Hamming window of 1024 points, window overlap of 128, and an FFT of length the next power of 2 greater than the length of the data set. Data were initially resampled at 2 Hz to provide uniformly sampled data for the FFT calculation following which the Hamming window was applied to each window. Power was determined by integrating the range 0.04 -0.15 Hz for LF and 0.15-0.4 Hz for HF.
Group values were reported as mean Ϯ SE (SE). To compare the percent of outliers between the three identification strategies in each population, we used repeated measures analysis of variance. To compare differences between populations for each identification strategy, we applied analysis of variance and pair-wise comparisons. All HRV measures, except for SDNN, were log-transformed because of skewed distributions.
This study was approved by the Wake Forest University School of Medicine, WFUSM, Institutional Review Board.
RESULTS
Preliminary study. For the preliminary study comparing Holter with Minimitter data collection, the Pearson's r value for the raw data on IBI was 0.95 for one subject, 0.97 for another subject and 0.63 for the third subject. Raw data showed multiple potential outliers in the third subject's Minimitter data that were not apparent on the Holter data. After filtering using the SDChg identification and "Interp" strategies, HRV parameters calculated using the two data sources were virtually identical for all three subjects for mean HR, mean IBI and SDNN (Table 1) . Calculations conducted by 338 Institute of HeartMath (MA) and at WFUSM (CAH) on the filtered Minimitter data yielded identical HRV parameter values (Ͻ1% difference for all parameters for all subjects; data not shown).
Subject description. For the main study, subjects included 10 newborns, 33 pediatric oncology patients and 15 healthy older adults (Table 2 ). The newborns' average heart rate during data collection was 155 beats per minute (bpm). The pediatric oncology patients had an average heart rate of 105 bpm. For the adults, the average heart rate was 87 bpm. Generally, the premature infants had the lowest values for HRV parameters (Table 2) . The pediatric oncology patients had higher values than adults for all HRV parameters except SDNN.
Outlier identification. All three identification strategies flagged fewer than 2% of IBIs as outliers (Table 3) . Although the percentage of outliers was quite low for all three strategies, there were significant differences between them given the large number of data points included in assessing heart rate over 15 min. The Threshold strategy consistently identified significantly fewer IBIs as outliers (from 0.02% in infants to 0.12% in adults) than PctChg (0.24% in infants to 1.98% in pediatric oncology patients) or SDChg identification strategies (0.81% in adults to 1.35% in infants) (p Ͻ 0.001).
Almost all the IBIs identified as outliers by Threshold were also identified by PctChg and SDChg methods. SDChg identified significantly more IBIs as outliers than the other strategies in infants and adults, but PctChg identified significantly more IBIs as outliers in children, several of whom had problems sitting still during data collection. Thus, the Threshold strategy seemed to identify a core group of outliers, while SDChg and PctChg identified slightly different groups of additional outliers in different populations.
The percentage of IBI identified as outliers was highest for pediatric oncology patients (who were observed to move most during data collection), but the percentage removed by any strategy even in this group was less than 2% (Table 2 ). The Threshold strategy identified fewer outliers than the other strategies. For example, among the infants, it flagged only 0.02% of the IBI, whereas, PctChg flagged 0.24% of IBI and SDChg flagged 1.35% of IBI. Similarly, in pediatric oncology patients and adults, the Threshold strategy identified significantly fewer of the IBIs as outliers compared with other two identification strategies.
The Threshold strategy also generated the highest values for all five HRV parameters in all three clinical populations (Table 3) . For example, among the premature infants, the RMSSD varied from 20.2 with Threshold to 7.6 with PctChg to 5.8 with SDChg, though all three strategies flagged less than 1.5% of IBI as outliers. In adults, the HF value dropped from 107.7 with the Threshold strategy to 29.8 with PctChg and 27.8 with SDChg, even though none of the three strategies identified more than 1% of IBIs as outliers. Thus, even quite small differences in the number of IBIs identified as outliers created substantial differences in HRV parameter values in all three patient populations.
Outlier management. Compared with the impact of different identification strategies, different management strategies had virtually no impact on HRV values (Table 3) . For example, among premature infants using Threshold identification, the Toss and Interpolate methods yielded identical values for pNN50. Thus, after identifying outliers, the two management strategies yielded similar outcome values for all HRV parameters in all three patient populations.
DISCUSSION
This methodologic study evaluating the impact of IBI outlier identification and management strategies in two different pediatric and one adult population had three major findings. Data collected using Minimitter and Holter is comparable and HRV parameters calculated using our local software are nearly identical to those calculated at the Institute of HeartMath using different software. Differences in outlier identification strategies can significantly impact HRV values in pediatric patients as well as adults and animals. After controlling for the identification strategy, management by tossing versus interpolating data has minimal impact on HRV parameters.
All three strategies identified fewer than 2% of IBIs as outliers. The small differences in the number of outliers Heart rates were normally distributed; values reported as mean Ϯ standard deviation.
HRV OUTLIER METHODS
identified with the different strategies were associated with consistent, statistically significant differences in the values of commonly used HRV parameters. The Threshold strategy consistently identified fewer outliers, conserved the most data, and resulted in higher values for HRV parameters than the PctChg and SDChg methods in all three clinical populations. The results from different management strategies (tossing versus interpolating values) were minimal. Our data on HRV parameters in populations with different ages and resting heart rates are consistent with other studies (1). For example, the values for HRV parameters were lower among premature infants than among the pediatric oncology patients, consistent with previous research showing increasing values of HRV parameters during childhood as the autonomic nervous system matures (24, 46) . Similarly, the values for HRV parameters were generally higher among the 33 pediatric patients with an average age of 9.8 y than in older adults with an average age of 66 y, consistent with previously observed declines in values of HRV parameters with aging (1,47-49).
Furthermore, values for the HRV parameters in the pediatric patients in this study were similar to those of similar patients in other studies. For example, the HRV parameters among our premature infants were all somewhat lower than those reported by those evaluating HRV in term infants (50, 51) , consistent with reports that HRV parameters are lower among infants of lower postconceptional age (21, 22, 25, 36, 50, (52) (53) (54) . Likewise, our results for the values of HRV parameters in pediatric oncology patients are similar to those found in earlier studies (13) ; values for HRV parameters in oncology patients may be lower than healthy children of similar ages due to cardiac toxicity of anthracycline chemotherapy, pain or other symptoms (55) .
As the use of affordable devices for measuring IBI becomes more widespread, the issue of agreement between devices and analytic methods in determining HRV parameters becomes increasingly important. One study compared two devices (PowerLab® with Chart® software and PolarTransmitter Advantage® with PrecisionPerformance® software) among 36 healthy adults (mean age 27 y) during breathing with a Our results confirm and extend the findings of earlier studies evaluating a) the impact of outlier management on HRV parameters in healthy pigs (43) and b) a the impact of different strategies for editing IBI data in adults with and without heart disease (44) . The animal study compared HRV parameters generated from a gold-standard ECG recording with those generated from a device measuring IBI. Fewer than 0.1% of total IBI were identified as anomalies or outliers, but this small number of outliers had dramatic impact on the values of HRV parameters, increasing SDNN and RMSSD values by 45% to 50%; anomalies spuriously increased the values of total and parasympathetic activity as well (43) . The authors concluded that even a small proportion of outliers can bias the outcome of HRV parameters, but that correcting the errors through careful identification could allow the use of IBI collection devices interchangeably with ECG. Similarly, in the study of adults with and without heart disease, different editing strategies resulted in "remarkably" different effects on HRV parameters (44) . These conclusions support our finding that small differences in IBI identification can significantly impact HRV parameters in three different human clinical populations.
Our study had several limitations. Minimitter data collection did not allow visual inspection of the ECG data for "gold standard" outlier identification; outliers were not classified as to their cause (movement artifact versus ectopy, arrhythmia or device error). Although visual inspection is desirable, our data collection methods in the pediatric groups are likely to be similar to other clinical researchers who use relatively inexpensive IBI recording devices. Despite the small sample size and use of different data collection instruments in the adults and pediatric groups, which might have been expected to bias the results toward the null hypothesis, comparison of the different outlier identification strategies demonstrated significant differences that were robust across ages and health status in pediatric patients as well as adults. The impact of these different strategies on 24-h recordings remains to be determined in future studies.
As Malik et al. noted, "filtering and editing of the computer-recognized RR interval sequence" are necessary to remove artifacts from beat recognition errors, movement and recording artifacts and arrhythmias (3) . Researchers who compare HRV data over time in response to different therapeutic interventions or in different populations need to be aware of the impact different outlier handling strategies can have on the values of commonly used HRV parameters. Clinicians and researchers who report HRV parameters should clearly specify their outlier identification and management strategies to facilitate meaningful comparisons.
